Background: Understanding how sequence variants within healthy genomes are distributed with respect to ethnicity and disease-implicated genes is an essential first step toward establishing baselines for personalized genomic medicine. Methods: In this study, we present an analysis of 10 genomes from healthy individuals of various ethnicities, produced using six different sequencing technologies. In total, these genomes contain more than 34 million single-nucleotide variants. Results: We have analyzed these variants from a clinical perspective, assaying the influence of sequencing technology and ethnicity on prognosis. We have also examined the utility of OMIM and the disease-gene literature for determining the impact of rare, personal variants on an individual's health. Conclusions: Our analyses demonstrate that clinical prognoses are complicated by sequencing platform-specific errors and ethnicity. We show that diseasecausing alleles are globally distributed along ethnic lines, with alleles known to be disease causing in Eurasians being significantly more likely to be homozygous in Africans. Genet Med 2011:13(3):210 -217.
W
hat does it mean to have a "healthy" genome? Neither J. Craig Venter's nor James Watson's genomes contain any alleles likely to cause or strongly predispose them to genetic illness. 1,2 They are also not heterozygous for any alleles raising serious reproductive issues. Given these facts, some have expressed skepticism regarding the prognostic value of personal genome sequences. 3, 4 To date, the standard reply to the skeptic has been that healthy adults have healthy genomes. Although reasonable, this rebuttal presumes that we know what a healthy genome is. No doubt, a clean bill of genomic health will be the most common clinical scenario in genomic medicine. However, just what does a healthy genome look like? What is the impact of sequencing technology on prognostic accuracy? What role will ethnicity play in prognosis? Finally, how useful will existing resources, such as OMIM, be for categorizing personal genome variants as deleterious? The answers to these questions are of immediate importance for the future of genomic medicine.
To answer these questions, we have assembled a standardized dataset of single-nucleotide variants (SNVs), also called single nucleotide polymorphisms, from 10 personal genome sequences. 1,2,5-11 These genomes represent both sexes and a variety of ethnic backgrounds: three Africans, two Asians, and five whites. This second feature of the data set has allowed us to assay the impact of ethnicity on variant locations. Six different sequencing technologies are also represented. One genome was sequenced with Sanger technology, 12 one using the Roche 454 platform (Life Sciences, Branford, CT), three with ABI SOLiD (Applied Biosystems/Life Technologies, Carlsbad, CA), three with Illumina Genome Analyzer (GA) (Illumina, San Diego, CA), one with Helicos Biosciences (Cambridge, MA), and one genome was sequenced by Complete Genomics (Mountain View, CA). Moreover, one individual's genome is represented twice, sequenced on both the Illumina GA and ABI SOLiD platforms.
The diversity of ethnic backgrounds and sequencing technologies used to produce this dataset make it ideal for investigations of the impact of sequencing platform on SNV ascertainment and of ethnicity on SNV distributions. To address the clinical relevance of these factors, we have carried out two additional large-scale analyses. First, we analyzed these genomes' 34 million variants with respect to their intersection with OMIM variants, which we have systematically mapped forward to the current genome assembly; this has made it possible to globally assay the distributions of OMIM alleles in different ethnic backgrounds. Additional clinical perspective is obtained through a second, complementary analysis using a disease-gene classification system based on MeSH 13 and Harrison's Internal Medicine. 14 This classification system is a first step toward comprehensive disease-gene ontology, and it has allowed us to examine individual genomic variation associated with specific areas of the clinical disease-gene literature, such as oncogenesis, neonatal development, and cardiovascular disease.
Taken together, these analyses illustrate some of the challenges of whole genome variation analysis and provide a first glimpse of trends and distributions indicative of healthy genomes that will also be important for clinical prognosis of personal genome sequences.
GVF conversion
We converted each genomes' original variant file to GVF format 15 to facilitate our analyses. Complete documentation for the GVF format can be found at http://www.sequenceontology.org/resources/gvf.html. Each file is available for download at http://www.sequenceontology. org/resources/10Gen.html. 17 In every case, we used all variants in the original source variant file, as this proved the most logical starting point for comparison, allowing each individual provider to identify variants using their own procedures. Thus, our comparisons of accuracy reflect both the sequencing platform and the (then) current read mapping and variant calling pipeline used in the original publications of these genomes. Figure 1 is based on the intergenome distance between each of the variant files. We used the following distance metric for this calculation:
Intergenome distance calculations
where D ij is the total intergenome distance, N s is the total number of variants in the genome (i or j) having the fewest number of variants; N L is the total number of variants in the genome (i or j) having the greatest number of variants; and N s പ N L denotes the number of variants in the intersection of the two genomes. One important feature of this distance is that it is based on locations of variants, not the nucleotide of the variant; another is that D ij is robust with respect to the depth of coverage. This fact controls for depth of coverage differences in our dataset.
Tree creation
We calculated a distance matrix, D for every D ij pair in our dataset on a chromosome-by-chromosome basis. We restricted this calculation to the 22 autosomes to avoid complications associated with comparisons of XX and XY genomes. Phylip 18 together with the resulting 22 distance matrices was used to produce a neighbor-joining tree (default options were used) for each of the 22 chromosomes. Phylip Consense was then used to produce the consensus tree shown in Figure 1 . Numbers attached to the nodes refer to the number of autosomes (N out of 22) for which that node was seen. Figure 2 was produced using the same procedures; only this time, the input data were restricted to only those variants for each genome corresponding to known OMIM alleles. The values labeling the nodes in Figure  2 are bootstraps 19 based on 100 replicates using Phylip's bootstrapping procedures. 20 
Classification of variants
We used a CGL-based script 21 to classify each SNV with respect to genomic location (integenic, intron, CDS, and untranslated region) using a nonredundant set of the gene annotations from the University of California Santa Cruz (UCSC) genome browser, 22 knownGene, and RefSeq 23 tables for build hg18 (NCBI36.3). Variants intersecting CDS regions were further classified into one of six categories on the basis of the change to the protein: synonymous, conservative substitution, nonconservative substitution, and stop gained. Designation as conservative versus nonconservative was based on the BLO-SUM 62 matrix 24 ; changes with a score Ն0 were considered conservative and those Ͻ0, nonconservative. In total, of the 34 million variants in our dataset, 38% were genic. Of these, 36% mapped to introns and 2% to exons. Among variants mapping to exons, 33% were protein coding, that is, they mapped to the CDS portion of exons; 51% of these coding variants were synonymous, 28% produced conservative substitutions, and 20% nonconservative substitutions; 0.5% produced stop-gained substitutions.
OMIM mapping
Disease-causing alleles and sequence variants implicated in disease were parsed from OMIM flat file documents. 16 OMIM indexes its coding variants according to the codon or amino acid they alter on the messenger RNA or the protein sequence reported in the original publication, rather than the currently annotated sequence. To overcome this, we used a previously described mapping process 25 to move the OMIM alleles forward to the current annotations. By far, the most common change in gene annotation over the years has been the addition of additional 5Ј exons to previously annotated transcripts, 26 resulting in amino-terminal extensions in the encoded protein. For ease of discussion, genomes are referred to throughout by a single numeric identifier (0 -9). Columns: 1, ID; 2, individual; 3, ethnicity; 4, platform; 5, references; 6, number of SNVs; 7, transition/transversion ratio; 8, heterozygous/homozygous ratio; 9, number of nonsynonymous SNVs; 10, number of OMIM alleles (homozygous positions/heterozygous positions); 11, number of positions where the personal genome contains a healthy allele, but the reference has the OMIM disease allele.
The mapping procedure exploits this fact and asks whether there was a single offset that will map each OMIM coding variant in a gene to a corresponding amino acid in the currently annotated protein.
Assuming that two or more alleles are available, the probability that this would occur by chance would be approximately 1 of 20, 2 neglecting amino acid frequency biases. This process allowed us to map forward 9247 (88.7%) of OMIM variants located within the CDS regions of genes.
Ontology creation
We used a set of 3626 hand-curated human disease genes (the "Omicia disease gene set"), which have been documented in the literature as playing a causative or predisposing role in one or more human diseases. This list of genes includes and extends a human disease-gene set previously published by Jimenez-Sanchez et al. 27 containing 923 genes. We used a semiautomated natural language processing-based approach, 28 followed by manual review and curation to identify and assign an additional 2703 genes to our disease-gene ontology. To do so, we used the HGMD database 29 and the literature links associated with each of its curated disease-causing and predisposing variants to identify Medline abstracts related to those genes and their associated mutations. Next, we extracted the MeSH descriptors associated with those abstracts and used these to connect 1024 genes in HGMD and their associated mutations with MeSH disease terms. Then we back populated the MeSH ontology with genes that were listed in the original abstract; a round of manual review followed this. Next, we manufactured a simplified, more clinically focused disease-gene ontology by assigning MeSH disease IDs to a list of 12 high-level disease categories ( Fig. 3 ) based on Harrison's Internal Medicine. 14 We also assigned additional genes to this list by hand based on peer-reviewed literature. The resulting ontology is stored in OBO format. 30 At the time of the analyses reported herein, we (Table 1) . Numbers in red denote the number of autosomes supporting that node. See "Materials and Methods" for details of similarity calculations.
had manually reviewed 2703 assignments, extending the original list of Jimenez-Sanchez et al. to 3626 genes.
Expectation calculation of ontology categories
We normalized the counts of coding variants for each disease category (Figure, Supplemental Digital Content 1, http://links.lww.com/GIM/A160) in our ontology, to control for differences in gene numbers, CDS lengths, and codon usage. We used the following formula to do so. Expected counts ϭ T*C w *C a , where T is the total number of coding SNVs genome wide for a given individual. C w ϭ class-specific CDS footprint/ CDS footprint for the entire genome, where the term footprint refers to the sum of the nonredundant nucleotide lengths of all CDSs either within a disease category or genome wide. The third term, C a , is a constant, equal to 0.77; this value is the fraction of nucleotide positions within CDSs, wherein a nucleotide change can produce a nonsynonymous change. Its value is based on the genetic code and amino acid frequencies for the proteome as a whole. Disease class-specific variance in this value is negligible (data not shown). Note that although this correction controls for aspects of gene number, amino acid frequency, and category size, it does not correct for selection and population-history effects-this, however, is precisely the point: our goal in producing Figure 3 was to assay the extent to which natural selection, disease prevalence, and population history have acted to perturb the numbers of coding variants within a disease category relative to this basic expectation. The numbers plotted in Figure 3 are the percent difference in the observed and expected counts for each category.
RESULTS

Dataset
We collected variant files for individual whole genomes and converted their contents to the Genome Variant Format (GVF) 15 to facilitate analysis. See "Materials and Methods" section for complete description of the dataset. In total, the dataset contains 34.6 million SNVs relative to the reference human genome. Fig. 2 . Consensus neighbor-joining tree based on shared OMIM alleles. Tree constructed using same procedure used to construct Figure 1 . This time, however, restricting the data to those locations where either the personal genome or reference genome contained an OMIM allele. The tree was bootstrapped 100 times, and labels on nodes are the resulting bootstraps. The tree is not as well resolved as the one shown in Figure 1 due to the many fewer OMIM alleles, when compared with all SNVs; nevertheless, the same trends with respect to ethnicity seen in Figure 1 are still present.
human protein-coding genes, assembled from 265,019 exons (See "Classification of Variants" in "Materials and Methods" section).
Variants were further classified as being present in a heterozygous or homozygous state; 1.96% of all variants are located in exons, with 0.64% in protein-coding sequences. For the individuals studied herein, an individual carries between 19,691 and 25,894 protein-coding SNVs in their genome with respect to the reference genome. Of these, approximately 49% are amino acid changing (Table 1) . On a gene-by-gene basis, protein-coding sequences are altered in a total of 1,328 -1,508 genes. Ten percent of these are entirely novel personal variants-still not included in dbSNP by release 132. We also examined the rate of novel variant discovery.
To do so, we determined the number of variants found in each genome not present in dbSNP 126, the last version of dbSNP before the publication of any personal genomes and the current release, dbSNP 132 (Fig. 4) . For variants not present in dbSNP 126, 66% were unique to a single genome, 22% of these were common to two, 7% to three, and only 815 variants were common to all 10 genomes. By dbSNP release 132, most of these variants were no longer novel due to inclusion of variants from personal genome sequences and 1000Genomes Project data in dbSNP.
A high-level perspective on variants in the 10 genomes
To obtain a high level perspective of the dataset, we constructed a neighbor-joining tree based on intergenome similarities among the 34 million SNV locations (Fig. 1) . The more similar two genomes are with respect to the locations of their variants, the closer they lie to one another in the tree. See "Materials and Methods" section for details of tree construction. The topology of tree shown in Figure 1 makes clear several important trends in the data. First, the variant data are highly structured: some of the genomes are much more similar to one another than others. Globally, genomes 3 and 4, for example, share 46.5% of their variant locations in common, whereas the percentage for genomes 1 and 6 is approximately 23.9%. We also examined how these similarities varied from autosome to autosome. To do so, we constructed subtrees for each autosome and asked how often trees based on a single autosome supported nodes in the tree shown in Figure 1 ; these are the numbers shown in red in Figure 1 . Genomes 1 and 2, for example, are always each other's closest neighbor, regardless of which of the 22 autosomes are compared. This tendency is less pronounced for other genome pairs. Genomes 3 and 4 are each other's closest neighbor for 19 of 22 autosomes. Thus, a given individual's closest neighbor in variant space is usually-but not always-the same from autosome to autosome.
Mapping ethnicity onto the tree in Figure 1 suggests that the dominant trend structuring SNV locations is ethnicity. All three African sequences are closely neighbored, as are the two Asians and five whites. Interestingly, although the whites form a well- 
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African Asian White Fig. 3 . Genomic load differs significantly within and between disease categories. x axis: disease category and y axis: percent deviation from expected genetic load (nonsynonymous variants) for each genome by and by category. Overall, genes in disease categories on average contained 50% fewer variants than expected by chance, thus the y axis is set to cross at 50% to clearly show the differences between categories. Data for individual genomes are plotted according to their listed order in Table 1 and color coded by ethnicity.
supported clade for 19 of 22 autosomes, they are diverse, suggesting the possible existence of further substructure with this group. Genomes 1 and 2 represent the same individual, sequenced on the Illumina and ABI SOLiD platforms, respectively. This fact makes possible some global comparisons of these two platforms as regards the accuracy of variant discovery and the impact of platform on potential diagnostic reliability. In total, 76.9% of variant locations of genomes 1 and 2 are shared in common relative to the union of both sets, a fact with implications for diagnostics. As can be seen in Figure 1 , both genomes are each other's closest neighbor. By comparison, the next closest pair, the two Asian genomes (3 and 4) both sequenced on the same platform share only 46.5% of their locations in common. As we show later, however, the agreement is better at positions within genes and at genome positions associated with OMIM alleles.
OMIM analyses
We next examined the intersection of each genome's variants with known disease-causing/predisposing alleles as cataloged in OMIM. 16 OMIM indexes alleles relative to their positions in the DNA, messenger RNA, or protein sequence reported in the original publication, not relative to the current human reference genome assembly. This fact introduces many problems for analyses, because in many cases, the human reference sequence or genome annotation for the corresponding gene has changed considerably since the original publication, obscuring the relationship between the allele as reported in OMIM and its position on the current version of the reference human genome. Thus, we developed a procedure to systemically map the contents of OMIM forward to the reference human genome sequence (see "Materials and Methods"). In total, we are able to map forward almost 10,000 OMIM variants, including 88.7% of all amino acid changing alleles. See "Materials and Methods" section for additional details.
On average, each genome is heterozygous for 65 OMIM alleles and homozygous for 42 OMIM alleles (Table 1) . Once again, ethnic trends are seen in these results. Calculating the ratio of homozygous/heterozygous alleles reveals that the African genomes contain a 1.6-fold excess of homozygous OMIM alleles relative to the Eurasian genomes. None of the genomes are homozygous for any severe disease-causing alleles nor are any heterozygous for alleles with serious reproductive consequences. Interestingly, in a substantial fraction of the cases, the personal genome sequence is homozygous for the healthy allele, with the reference genome containing a disease-causing allele (Table 1 : "Healthy Variant").
We also examined the influence of ethnicity on shared OMIM alleles (Fig. 2) . To do so, we once again constructed a neighbor-joining tree using the same procedure used to construct Figure 1 . This time, however, restricting the data to those locations where either the personal genome or reference genome contained an OMIM allele. The resulting tree shows the same trends with respect to ethnicity as Figure 1 ; in other words, the global distribution of known disease-causing and predisposing variants within every genome in our dataset is influenced by the individual's ethnicity. Interestingly, the agreement between Table 1 for total variant count) not present in dbSNP 126 (blue) and 132 (red). The lower percentages for dbSNP 132 reflect the inclusion of variants from personal genomes and 1000Genomes Project data. dbSNP 126 was released before the publication of any personal genomes.
the Illumina and ABI SOLiD versions of genome NA18507 is much better for OMIM alleles. In total, 118 alleles were identified by the two platforms, 106 in common.
Genomic load in disease genes
We assigned 3626 human genes to 14 high-level disease categories based on peer-reviewed publications, wherein variants within the gene were shown to cause or predispose to a disease. Categories are not mutually exclusive. See "Materials and Methods" section for additional details. This disease-gene classification system allowed us to recover clinically meaningful variant sets, e.g., all variants in genes implicated in cardiovascular disease, e.g., the cardiovascular genomic load. This in turn made it possible (1) to measure the average genomic load of variants within genes specific to different disease categories; (2) to carry out cross-category comparisons; and (3) to systematically recover and analyze novel variants in disease genes. Figure, Supplemental Digital Content 1, http://links.lww.com/GIM/A160, plots the raw counts of all personal variants resulting in nonsynonymous changes to a gene's protein sequence by top-level category of the disease-gene classification system. The individuals in our dataset contained, for example, between 187 and 260 nonsynonymous variants within cardiovascular disease genes; and between 157 and 205 nonsynonymous variants within genes shown to play a role in oncogenesis and/or neoplasm progression. These raw counts, however, are not adjusted for the genomic footprint of the category. By genomic footprint, we mean the total number of coding nucleotides within all genes in a category, wherein changes can result in nonsynonymous changes to a gene's protein sequence. Figure 3 is corrected for this factor, showing the total genomic load of nonsynonymous variants corrected for genomic footprint and by each ethnic group. All genomes have about half as many variants in the genes classified as disease related as would be expected by chance, but these differences from expected are not consistent across classes. Figure 3 highlights these intercategory differences. As can be seen, an individual's genomic load varies by disease category. For example, every genome has approximately 45% of the expected number of disease-related nonsynonymous changes in genes involved in neonatal development but 75% of the expected number of nonsynonymous variants in genes involved in gastrointestinal disease. In general, trends are uniform within a category, e.g., if an excess of changes is observed in one genome, the same trend is observed in the remainder and vice versa. The aging category (generally genes involved in apoptosis, senescence, regeneration, and cell division), however, contains an exception to this trend, with genome 9 having almost 100% of the expected load.
DISCUSSION
Several recent studies have reported global statistics regarding the numbers and locations of SNVs [31] [32] [33] within both healthy and disease genomes. The work reported in this study extends these studies to the domain of clinically relevant trends in SNVs within healthy genomes, focusing on the impact of sequencing platform and ethnicity for genome-based prognosis. As Figure 1 makes clear, ethnicity has a powerful impact on the distributions of SNVs within personal genome sequences. It also provides a means to assess the global impact of sequencing technology on variant identification. Despite the six different sequencing platforms used to produce the dataset, in no case is the basic trend of ethnic similarity disrupted. For example, although five different platforms were used to produce the white genomes in our dataset, all five of these genomes form a clade. This indicates that accuracy of every platform is high enough to reveal ethnic relationships. Thus, differences in base-calling accuracy among the different platforms do not invalidate cross-platform genome comparisons for purposes of basic anthropological investigations. Moreover, we find that although the ABI SOLiD and Illumina versions of the NA18507 genome have 575,099 and 526,836 unique positions genome wide relative to each other sharing a total of 77% of their variants in common relative to the union of their sets that at locations corresponding to known disease-causing alleles, agreement is much better: 90% of variants are shared. These results make it clear that cross-platform analyses requiring great accuracy will remain problematic until sound probability models are available for base calling in every platform or at the very least until a standard set of equivalences is established between the quality values produced by the different sequencing platforms. It also has to be noted that these genomes include the first genomes to be published on all platforms, and most genomes were sequenced to relatively low coverage. Although much progress is being made in this area, 34, 35 our results show that clinical prognoses cannot yet be made in a platform neutral fashion. However, because our knowledge about disease-causing mutations is heavily biased toward loci in coding regions and because these same regions tend to produce higher quality variant calls relative to the genome as a whole, the current technologies are clearly sufficient for a wide array of nondiagnostic cross-platform analysis.
We find that, similar to SNVs in general, disease-causing alleles are also distributed along ethnic lines, with Africans almost twice as likely to be homozygous for disease-causing or predisposing alleles as Eurasians. One likely explanation for this trend is background effects, 36, 37 i.e., alleles with deleterious consequences in one ethnic background may well prove harmless in another. This unequal distribution of variants relative to ethnicity is likely compounded by an ascertainment bias in existing databases of variation. This bias exists due to the overrepresentation of Eurasian populations in current studies of disease. The approach taken herein of looking at the variation across broad classes of genes provides a key insight into our view of human genetic variation-the forces affecting mutational load seem to be largely constant across human populations. In contrast, we see a strong signal separating ethnicities when viewing these genomes in light of known, clinically relevant variation as cataloged in OMIM. These findings indicate that failure to adequately control for ethnicity will jeopardize the prognostic accuracy of sequence-based diagnoses; unfortunately, the impact of ethnicity on the penetrance and phenotypic severity of many disease alleles is still unknown. The need to extend studies in other clinical areas to include women and diverse ethnic populations is well established. 38 Our data demonstrate that similarly inclusive studies of personal genome sequences will be needed to assure equitable prognostic accuracy across ethnicities. Interestingly, given a larger set of personal genomes, the analysis techniques used herein would provide a means to identify and quantify background effects. Our results also suggest that further substructure in personal genome SNV distributions still awaits analysis. The structure of the white clade in Figure 1 , for example, is suggestive of deeper population substructure within the whites.
In this study, we introduce the concept of personal genomic load by disease. Our disease-gene classification system has made it possible to measure the genomic load of variants within different disease categories and to carry out cross category comparisons. Genomic load varies between disease categories (Fig. 3) . Furthermore, as genes are assigned to categories independent of their genomic location, these deviations are unlikely to be due to shared haplotypes acting to modulate variant numbers within a category in a coordinated fashion, especially in light of the diverse ethnicities in our dataset. One possible explanation for this observation then is a kind of ascertainment bias due to the fact that all the genomes in our dataset are from healthy adults. Simply surviving to adulthood may be correlated with restricted variation for some disease categories but less for others.
Still unknown, however, is the relationship between the magnitude of an individual's intercategory deviation from the average observed load within that category and the prognostic impact of that deviation. More genomes will be required to establish these baselines for personal prognosis. The answer to this question should be forthcoming, however, as additional genomes will allow significance thresholds to be applied to each category and for ethnicity. One genome in our dataset, however, does show a very large deviation. Genome 9 has a much increased genomic load within the aging category due to stop codons in the CDC27 gene. On further inspection (data not shown), we believe that this is a false positive. Several CDC27 pseudogenes exist, and it seems that for this genome, there may have been a systemic error during the read-alignment phase of the variant-calling procedure. That such events occur is itself an important point-not every gene or region of a genome will be equally accessible for prognosis by genome resequencing. These regions will need to be cataloged for accurate prognoses. Despite these facts, that this individual so stands out does demonstrate the utility of high-level summaries of genomic load made possible by an ontology-based approach, indicating that tools such as our disease-gene classification system will play a useful role in the future of whole-genome data management, analyses, and clinical prognosis and diagnostics.
